ABSTRACT The real-time broadband properties of impedance in power line communication (PLC) systems are one of the essential characteristics of future smart grids, which would enable the smart online systems to implement fault detection/forecast or the PLC channel health monitoring in the grid. In the current paper, a novel technique was proposed to track impedance only by the channel frequency response (CFR). The CFR can be treated as a known quantity and is normally calculated by the channel estimation algorithms in PLC devices for communication purposes. The relationship between CFR and impedance behavior was first studied in detail, and it was found that the variations in certain key factors, such as the frequency characteristics and the values of peak-valley difference, of the CFR curves could be used to the track real-time impedance. Then, the proposed impedance estimation algorithm harnessed the variational mode decomposition (VMD) as a feature extraction method to obtain useful frequency properties. The machine learning (ML)-based impedance model was also synthesized in the proposed approach. The performance of the proposed impedance tracking method was examined under two different scenarios, and the obtained simulation results demonstrated the efficiencies of the formulated algorithms.
I. INTRODUCTION
The power line communication (PLC)-based smart grids (SGs) are a very competitive alternative for future grid upgrades and can provide easy and effective communication between two random pairs of electrical nodes. One salient feature of future SGs is the ability of pervasive monitoring and control of different types of electrical events, such as grid anomalies and cable aging [1] - [3] . Relevant methods have been developed to use power line communication devices as communication equipment and grid sensors to monitor the operation status of SGs [4] . Different strategies have been proposed to detect and distinguish different electrical events that are traditionally solved by the phasor measurement unit (PMU), and the abundant broadband information enables PLC devices to perform additional functions. The proper usage of impedance information is one of the main issues in the field of multifunctional SG communication.
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Real-time impedance information can be used to improve the matching in coupler or to decrease power attenuation in data transmission, and it is also indispensable for event detection and power line status monitoring in power grids [4] , [5] . Therefore, inaccurate and inefficient impedance data could significantly limit the applications of future SGs. The main purpose of the present research was to present a realtime solution to estimate the high-frequency characteristics of impedance in SGs.
One major drawback of the existing impedance estimation schemes is the necessity of dedicated equipment and the topology knowledge of electrical networks. Multifarious research works have been carried out to estimate the impedance of a PLC network [6] - [12] . Pasdar et al. [5] measured the impedance values of each home appliance and the PLC network, modeled them in the s-domain, and obtained the overall impedance through the knowledge of individual load impedance characteristics and their operating time slots. However, this strategy required the prerecorded information of load impedance and the topology of the grid.
The accuracy of impedance estimation is also influenced by external physical conditions; thus the changing of scenario could affect the performance of an estimation algorithm. Passerini and Tonello [4] demonstrated that impedance measurement data can provide as much information as the frequency-domain reflectometry (FDR) method generates during anomaly detection. However, some of the quantities, such as network topology and other detailed parameters, could not be obtained easily in the real-time impedance estimation. Therefore, in order to eliminate these problems, impedance estimation based on channel frequency response (CFR) information could be a feasible solution.
A. CONTRIBUTIONS
In the current research, a novel real-time impedance estimation method based on CFR information was proposed for the first time. Impedance information and channel frequency response (CFR) generally express the state of a PLC channel, which implies the physical state of a power line [1] - [4] . The relationship between these two quantities has been studied at [13] , [14] . We further extend this idea to impedance estimation field. During the reproduction of the channel modeling work based on the transmission line theory [15] - [17] , the existence of a correlation between CFR and impedance was noticed, thereby it is intuitive to speculate that these two are dependent on each other. Hence, the use of CFR and high-frequency impedance properties could be an attractive supplement to traditional methods.
B. OUTLINE
The present paper is divided into the following sections. In section II, the relationship between impedance properties and CFR is discussed based on the bottom-up PLC channel modeling method and the transmission-line theory framework. The road-map of impedance estimation is introduced in section III. The variational mode decomposition algorithm (VMD) was used as the feature extraction tool, and machine learning techniques were employed for parametric regression analysis. Simulation results obtained from two different scenarios are presented and discussed in section IV. Finally, conclusions are drawn in section V.
In the present investigation, it was considered that power grid lines employed two-wire transmission lines. Indoor (Low Voltage) LV networks were used for channel modeling; however, the proposed method can also be extended to (Medium Voltage) MV PLC networks as it changes more slowly than LV ones.
II. RELATIONSHIP BETWEEN IMPEDANCE AND CFR UNDER BOTTOM-UP PLC MODELING FRAMEWORK
The transmission line theory-based bottom-up PLC modeling method is an effective solution to model PLC channels. The calculation of impedance was first reviewed based on the bottom-up method, and the relationship between impedance and CFR was then explained. The bottom-up PLC modeling method provides a theoretical framework to infer the statistical characteristics including CFR and impedance of a PLC channel [15] - [17] .
A. TOPOLOGY REMAP AND CHANNEL MODELING METHOD
As the first step of modeling the PLC channel based on the bottom-up method, the topology of the network was remapped, and then the propagation of the backbone was found (identification of the shortest propagation path from the transmitter to the receiver) [15] , [16] .
The PLC network topology was divided into several basic units along the backbone, and each unit consisted of a section of backbone, several branches, and terminations. A more detailed description of the topology traceback algorithm and the random PLC channel generator based on statistical analysis can be found in the literature [16] . In this section, the calculation of CFR and impedance based on the topology traceback algorithm is presented for the proposed grid topology. Fig. 1 presents typical layout of PLC network topology for residential quarters in China, Fig. 2 presents the remapped topology of the proposed PLC network that possesses one backbone line and several branches. The two end units represent the nodes associated with the transmitter and the receiver (TX and RX). In the present work, the frequency band between 1 and 100 MHz was considered under the LV indoor scenario [15] , [16] . since our measured CFR and impedance by RF network analyzer (Agilent8712ES) match with the bottom-up model best in this frequency range.
B. CFR AND IMPEDANCE CALCULATION
According to the transmission line theory, the calculation of CFR and impedance in each unit of Fig. 2 was first divided into three sections (defined by the dotted dialog box in Fig. 2 ). The transverse electric and magnetic field (TEM) or the quasi-TEM propagation mode was assumed for the calculation. The impedance of the first unit from the transmitter side 88108 VOLUME 7, 2019 FIGURE 2. Remapped PLC network topology for residential quarters in China.
was calculated by (1):
where γ 
where
represent the equivalent impedance at the load side and branch positions in the network (Fig. 2) . For the nodes with multilevel branches, the calculation was simplified by carrying back the equivalent branch impedance to the backbone node [16] . The line impedance from the RX side was treated as the cascade of a series of impedance and was calculated by the iterative operation. The impedance of the nth unit can be expressed as
Similarly, the total CFR of the network illustrated in Fig. 2 was calculated as the cascade of the topology unit. The CFR of each unit was calculated based on the voltageratio approach (VRA) between the RX and the TX sides
The overall CFR was computed as the product of voltage ratio of each sub-CFR.
It is important to note that for the proposed PLC topology, CFR and impedance had almost the same influencing factors, such as the characteristic impedance, the propagation constant, and lengths of the backbone and branches. It is hypothetical to say that impedance could be obtained by CFR information because these two physical quantities are composed of similar variables.
C. RELATIONSHIP BETWEEN CFR AND IMPEDANCE
The simulation model was developed based on the bottomup approach. Fig. 3 presents the waveform of two groups of impedance and CFR (identified by channels 1 and 2) generated between two random nodes in the network illustrated in Fig. 1 . The wave profile of both amplitude and phase part of impedance fluctuated continuously with the changes in the CFR waveform. 
III. INVERSION MODELING FOR IMPEDANCE ESTIMATION
Based on the assumption mentioned in the previous section, impedance was found to be strongly linked to the fluctuation in CFR between the same TX and RX. Mathematically, it is very difficult to calculate line impedance only by CFR information. In the current section, the idea of inversion modeling, which involves feature extraction and machine learning, is presented for impedance estimation. The schematic representation of the proposed impedance estimation algorithm is displayed in Fig. 4 .
A. FEATURE EXTRACTION USING VARIATIONAL MODE DECOMPOSITION (VMD)
As CFR is a time-varying signal, the feature extractionbased on time-domain analysis is not a viable method for extracting the detailed information of the PLC network. The time-frequency analysis method, such as Fourier transform, can reveal additional frequency information by taking the advantages of different predefined orthogonal bases; however, it decomposes a signal into harmonics of constant and fixed frequencies. Therefore, VMD, a feature extractionbased method [18] , was adopted in the present analysis to analyze the CFR wave profile.
The VMD algorithm can self-adaptively divide a CFR signal into several frequency domains, which effectively separate each component to obtain a series of intrinsic mode function (IMF) components with sparse characteristics. Suppose the CFR waveform can be decomposed into a set of sub-IMF components with the central frequency ω k = {ω 1 , ω 2 · · · ω K }. The construction process of the VMD algorithm to assess the bandwidth of the mode
Step 1: The Hilbert transform was employed to calculate the analytical signal of each sub-IMF component, and the single side spectrum was calculated by (6):
where δ(t) denotes a unit impulse signal, j represents an imaginary unit, the operational character '' * '' signifies the convolution operation, and H K (t) are the K th modes to be decomposed. The one-dimensional CFR data ''H '' were decomposed into a combination of band-limited modes H K (t).
Step 2: If H K (t) are real values, they are needed to be transformed into an analytic signal for a single-sided spectrum. For each analytical signal of the modal function (IMF H K (t)), its frequency spectrum was shifted toward the baseband by mixing it with an exponential factor tuned to their respective center frequency ω k . Thus the analytical signal became
Step 3: Each bandwidth of the modal function (IMF H K (t)) was estimated by the H1 Gaussian smoothness of the demodulated signal in Eq. (7); especially, the squared L2-norm of the gradient of IMFs was calculated. The constrained variational model used to find each feature modal function H k can be expressed as
According to the Tikhonov regularization method, the optimization problem in Eq. (8) can be written in the form of augmented Lagrangian function. The calculation of the extended wide constrained variational problem is expressed in (9):
where α denotes the penalty parameter of the quadratic term, and λ represents the Lagrangian multiplier operator. In order to obtain the optimal solution of the decomposition, the VMD algorithm adopted the multiplicative operator alternating direction method, which altered each IMF H K (t), ω k , and λ until the saddle point of Eq. (9) was obtained as the final optimal solution. The iterative equation for updating each IMF frequencydomain component and the central frequency can be expressed by (10):
The frequencies of each IMF, peak valley, and peak-peak valley were calculated by Eq. (11) to complete the feature extraction process. The flowchart for extracting IMF components from the CFR curve using VMD is presented in Fig. 5 :
The VMD results of the randomly generated CFR [see Fig. 6(a) ] under the network in Fig. 1 are displayed in Fig. 6(b) . Fig. 6(c) displays the spectral decomposition results of VMD.
B. MACHINE LEARNING (ML) USING A LEAST SQUARE SUPPORT VECTOR MACHINE (LSSVM)
After accomplishing feature extraction, an ML regressor was used to predict the parameters required for the impedance estimation model. Artificial neural network (ANN) and support vector machine (SVM) methodologies are both attractive candidates for this purpose; however, in the present research, ANN could lead to inconsistent results due to its own limitations [18] . Moreover, ANN is not the best solution for multi-input, multi-output operations. The SVM method often suffers from imperfections when one tries to increase its computational efficiency or optimize model parameters. Hence, in the current work, LSSVM was adopted for regression calculation. The following optimization problem was considered in the primal weight space (a training dataset of N points {H k , I k } , k = 1, . . . , N was assumed):
where H k ∈ R n refers to the input CFR features, I k ∈ R s is the output of impedance parameters, φ(·) : R n → R n h is a function that maps the input space into a high-dimensional feature space, ω ∈ R n h is the weight vector of the primal weight space, e k are error variables, and b is a bias term. The model in the primal weight space can be formulated by (13) :
As ω could be infinite-dimensional, the calculation of ω from Eq. (12) is impossible; thus the Lagrangian equation (Eq. 14) was introduced to calculate the model in the dual space: The estimation result of the LSSVM model was obtained by introducing the kernel function K (I , I k ):
C. PROPOSED IMPEDANCE MODEL
In the current section, the proposed impedance model, as well as the relationship between CFR and impedance, is described
where the parameter Z represents the estimated impedance characteristic function, H refers to the CFR in the same network during the same time slot, ν fi and a ij are, respectively, the frequency and the amplitude of the ith harmonic wave of the fluctuant component of impedance, ς i denotes the weight coefficient of each harmonic wave to be optimized, λ refers to the attenuation coefficient of impedance wave profile (it is a function of frequency f and was obtained by LSSVM), α k and β k are the kth decay constants, P main () represents the first component of the sub-IMF after the CFR curve was decomposed by VMD, and P fluc () is the fluctuant component of the impedance model. Therefore, the final estimated impedance model can be given by (17) , as shown at the bottom of the next page.
IV. SIMULATION RESULTS
In the following section, the effectiveness of the proposed inversion modeling is demonstrated based on the results of numerical simulations for impedance estimation.
A. RANDOMLY GENERATED PLC CHANNEL (CFR AND IMPEDANCE)
The network scenario illustrated in Figs. 1 and 2 was used during numerical simulations. The setup parameters of the channel model are presented in Table 1 . Simulation results of 2000 sets of CFR between two randomly generated nodes of the residential area (Fig. 1) are displayed in Fig. 7 . The corresponding simulation results of 2000 sets of impedance between two randomly generated nodes of the residential area (Fig. 1) are presented in Fig. 8 . The impedance data were first processed by the normalized operation, and then the DC component was removed according to Eq. (18)
The results of normalized impedance magnitude are displayed in Fig. 8(a) . Fig. 8 (b) displays the sample set simulation results of normalized impedance phase.
B. VMD RESULTS OF CFR
VMD operation results of CFR generated in Fig. 7 are reported in Fig. 9 . The CFR data were decomposed into six IMFs. As the perfect channel estimation at the PLC receiver was assumed, the CFR data directly generated from the PLC channel were adopted in current calculations.
C. VMD RESULTS OF CFR
The LSSVM regressor was trained by 2000 sets of samples as inputs, and the ML algorithm was then tested with 1000 randomly generated CFRs. The simulation operation was performed according to the following steps.
Step 1: The fast Fourier transform was employed to calculate frequency-domain characteristics, the center frequency, and spectrum energies of each IMF. The obtained data were then used as the input training samples for the ML algorithm.
Step 2: Frequency-domain characteristics were present in a large quantity after step 1. In order to effectively reduce the input training samples without losing any useful information, the principal component analysis (PCA) algorithm was
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Step 3: The Fourier fitting method was used to calculate the imperative parameters in Eq. (17) (which naturally became the output training samples for the ML operation (Fig. 8)) .
Step 4: The least square support vector machine (LSSVM) algorithm was adopted as the ML method. The radial basis function (RBF) kernel was used for LSSVM. The penalty factor ''gamma'' and the regularization kernel parameter ''sigma'' were optimized by the grid search algorithm.
The obtained simulation results are exhibited in Figs. 10-11. It can be noticed that the outputs of the ML method effectively predicted the parameters a 0 , a 1 , b 1 , v fi and a 0 , a 1 , b 1 , v fi for both the magnitude part and phase part of impedance in Eq. (17) .
The statistical analysis results of the predicted parameter v fi are displayed in Fig. 12. Fig. 13 displays the statistical analysis results of the estimation of parameter v fi . It signifies that the proposed method can successfully track the changes in impedance in real time. 
D. SPECIFIC IMPEDANCE ESTIMATION EXAMPLES
Three randomly selected CFRs (3rd, 26th, and 392nd in the test sample) and the corresponding actual impedance (magnitude and phase) versus estimated impedance are presented in Fig. 14 . The Normalized Mean Square Error (NMSE) results are displayed in Fig. 15 .
When the maximum length of the unit backbone in Table 1 was changed to 25 m, the line impedance in high frequencies was very close to the characteristic impedance. The 20th CFR in the test sample and the corresponding actual impedance versus estimated impedance are displayed in Fig. 16 .
V. CONCLUSION
A novel estimation solution was proposed in the present paper to reuse CFR information in each power line equipment, and it enables a PLC modem to independently predict impedance only by CFRs. In order to model the relationship between CFR and impedance properties, the bottom-up channel model method was adopted to generate CFRs and impedance simultaneously for the same transmission channel. The road-map for real-time impedance estimation was also proposed. The VMD algorithm was employed to extract the features of the CFR wave profile, and the ML method based on LSSVM was used to estimate the key parameters of line impedance. Simulation results reveal that the proposed method could be a feasible solution for impedance estimation in PLC networks.
